This paper exploits a natural experiment to estimate the effects of need-based aid policies on first year college persistence rates. In Fall 2006, Ohio abruptly adopted a new state financial aid policy which was significantly more generous than the previous plan. Using student-level data and very narrowly defined sets of students, I estimate a difference-indifferences model to identify the program effects. The new program decreased dropout rates by two percent. It also increased the likelihood that students attend a four-year campus and increased their GPA's after one year.
Similarly, some students saw their aid packages decline as compared to what they would have been if they entered college a year earlier.
To identify the effects of the change in financial aid policies on students' outcomes, I use student-level data for nearly 86,000 students who filed a Free Application for Federal Student Aid (FAFSA) (OBR), the agency that regulates higher education in Ohio. Because OBR collects comprehensive data on college enrollment in all Ohio's public 2-and 4-year colleges, I can track students within and across schools. I can distinguish between students who withdraw from school and students who transfer to other Ohio schools. The data also include student demographics, college entrance (ACT) exams, and other student descriptors from the surveys conducted on the ACT exam and on the FAFSA. The FAFSA data are the exact data used by the state and federal governments to determine the amount of students' need-based grant eligibility. The outcomes I focus on include choice of institution at enrollment, persistence through the first year, transfer behavior during the first year, total hours attempted during the first year, and grade point average.
Empirically, I use a difference-in-differences methodology to identify the effects of the program. Specifically, I identify students who entered college in different years yet appear similar across financial characteristics. Although these students have nearly identical financial characteristics, their financial aid awards may differ because of their exposure to the new financial aid program. For simplicity, I identify three sets of students in these comparisons. The first group is the policy "winners." Although similar, "winners" in 2006 received higher financial aid awards than their counterpart "winners" from 2005. The second group is the policy "losers." The awards for policy "losers" in 2006 were less than the awards given to similar students in 2005. 1 The final group of students were unaffected by the program in either year. I first measure the changes within these groups of students across cohorts. I then compare these changes across various types of students to measure the effect.
To gain more precision, I can control more narrowly for students' financial characteristics and match students across years who have nearly identical financial characteristics.
I find evidence that student outcomes are sensitive to the amount of financial aid that they receive. Students who received more aid after the change in regimes were less likely to drop out of college or transfer from their original institution after one year than they would have been under the old regime. I find that an increase in aid of $1,000 corresponds to about a 2 percentage point decrease in drop-out rates. Students who benefited from the program were also more likely to attend a four-year campus and had slightly higher GPA's after one year.
This paper is organized as follows: Section 1 provides an overview of previous literature on the effects of need-based aid and discusses both the OIG and OCOG grant programs. Section 2 describes the data in greater detail and presents the empirical strategies.
Section 3 presents the results, and Section 4 discusses the policy implications including a costbenefit analysis of the program. Section 5 concludes.
1 Of course, students who started college in 2005 were neither won nor lost. Their financial aid was determined by the prior financial aid system (OIG). They would have been "winners" or "losers" had they enrolled in college a year later. We use the term "winner" and "losers" to denote sets of students with similar characteristics. "Winners" either benefited or would have benefited from the policy change while "losers" did not benefit or would not have benefited. Our data are not longitudinal. We rely on repeated cross sections of students.
I. Background

Previous Research on Need-Based College Grants
Researchers have long focused on the effects of financial aid on student outcomes.
Early studies of the Pell Grant generally failed to find any significant positive enrollment effect coming from the program (e.g. Manski and Wise 1983 , Hansen 1983 , Kane 1996 .
Reviews of the literature generally concluded that Pell Grants have not improved enrollment rates among low-income students and minorities but that they have likely affected which colleges students choose to attend (Kane 1999 , Ehrenberg and Sherman 1984 , Leslie and Brinkman 1987 . Long (2004) similarly finds that students' college choice depends strongly on price, distance, and quality.
Part of the difficulty in this early research was trying to separate the effects of financial aid from confounding factors. More recent research has attempted to use "natural experiments" such as discontinuities in aid awards or changes in programs to identify the causal effects of financial aid programs. For example, Kane (2003) Only a few papers focus on the effects of aid on retention decisions. Dynarski (2004) , for example, shows that large, state-run merit programs also increased completion rates, and
Bettinger (2004) uses discontinuities in the Pell formulae caused by small differences in family size and the number of kids in college. He finds that Pell Grants increase students' completion rates during their first year in college. In ongoing work, Goldrick-Rab and Harris (2009) examine the effects of need-based awards on students' outcomes. They are evaluating a random experiment in Wisconsin which increased aid to some students after their initial enrollment in college.
Ohio's Need-Based College Grants
Through In late-2005, there was a growing perception that the state was not providing sufficient aid for low-income families. Enrollment and completion rates for low-income families continued to lag behind other states, and the gap between low-income and high-income enrollment and completion rates was increasing. For example, drop-out rates after the first year of college were more than 50 percent higher for students who were Pell eligible (Bettinger 2004 and $2,496. While the range of the rewards was similar to the prior program, the distribution was not. Together with the Pell Grant, students' need-based aid award increased by 10 percent, and some students saw increases in aid as high as 60 percent relative to what similar students would have received in the preceding year.
One of the key differences in the OIG and OCOG programs was the eligibility criteria.
Under OIG, the state only used income and family size to determine eligibility. By contrast, OCOG used students' estimated family contributions (EFC's) from the FAFSA as the basis for rewarding financial aid. EFC relies on family size and a broader definition of income, but it also incorporates details on family assets and the number of children in college. As a result of this shift, students from families with low incomes but high assets or alternative sources of income received less state aid while poor families with no alternative sources of income were able to receive more aid than before. percent. Table 1 also shows outcomes for students across the two years. Among FAFSA-filers, the overall number of hours students completed in their first term remained about the same across time (15.1 at main university campuses and about 12.9 hours at other campuses).
Although non-FAFSA filers have fewer hours completed at other campuses, their results remain fairly consistent across the two cohorts. There was also very little change in the proportion of students who either moved from their initial institutions (by transfer or dropout) and in the proportion of students who dropped out of higher education completely. The only exception is non-FAFSA filers at other campuses were more likely to transfer in the 2006 cohort (an increase from 10 percent to 13 percent).
In Table 2 The students in the final group were the "winners" in the policy change, those who had or would have had better college aid packages as a result of the policy shift. About 27.0 percent of all FAFSA-filing students were in this group. On average, these students' state financial aid packages increased by over $800 going from $1,225 to $2,030 across the two cohorts, corresponding to a 66 percent increase in state aid. Pell Grant aid increased slightly.
Family size remained constant among this group across cohorts while parental income and predicted assets both fell slightly. "Winners" and "losers" differ along several dimensions.
Winners were generally poorer than other students, and they have fewer assets and larger family size.
The next few rows show some basic demographics on the sample. The changes in demographics between the cohorts are statistically similar in each of the three groups for gender, race, age and the likelihood that the student lives on campus. One interesting note is the racial comparison across the three groups. About 40 percent of the winners in the policy shift were nonwhite whereas about 21 percent of the losers in the policy shift were nonwhite and 13 percent of the "status quo" were nonwhite. There were declines in the proportion of students taking the ACT exam across all of the groups. Additionally, test scores increased in all three groups. The increase in test scores comes either from improved student preparation or is the result of some less prepared students not taking the ACT exams.
The final rows in Table 2 show a few college outcomes for these three groups across cohorts. Among the "losers," students in the later cohort completed fewer semester hours during their fall term. The "losers" also saw their dropout rates rise although the increase is not statistically significant. Among the "status quo" and "winners," dropout and transfer rates declined. Hours completed also increased for "status quo" students. The key to knowing the impact of the policy will be seeing whether the increases for winners are statistically different than the changes for the other groups. I turn to this in the next section.
Empirical Strategy
I use a difference-in-differences approach to estimate the change in policies, comparing the change in outcomes for winners and losers of the policy shift with the outcomes of those individuals for whom the policy had no effect. Specifically, I assume that students in group i have expected outcomes given by equation 1:
where i can take on values of w, s, or n representing policy winners, status quo students, or policy losers respectively, t can take on values of 0 (pre-program) or 1 (post-program), and p it represents the program effect. The program effect is always zero in the absence of the program (i.e. t=0) and takes on a value of p w and p n for the winners and losers respectively under the program. The program effect is zero for the status quo students.
In any period, the difference between the outcomes of any two groups i and j is given by equation 2:
The second term (p it -p jt ) completely disappears in time 0.
I focus on how the winners and losers faired relative to the status quo students. So, for example, if I compute the difference over time in the differences between winners and status quo students, I get the effect for winners.
Similarly, the effect of the program on the policy losers is given by equation 4:
In actually estimating the effects, I can use equation 5:
where winner, loser, and post-reform are indicators for the type of student or the time period in question. I can augment equation 5 by including covariates to control for individual student characteristics. In some specifications, I include zip code fixed effects so that my estimates compare similar students within narrow geographic areas.
The key identifying assumptions in the difference-in-differences approach are that there are fixed, time-invariant differences across groups and that the treatment is the only factor altering these differences over time. If the groups of individuals have different trends or trajectories, it would violate these identifying assumptions. Ideally, I would like to observe the types of students who would have been winners and losers under the new policy for many years before the change in policy. Unfortunately, I only have data for two years -the year before the reform and the year after.
Another weakness of the difference-in-differences strategy is that I only observe the average effect of the program on each group, but the treatment effects could be quite heterogeneous within groups. For example, among policy losers, close to 25 percent of students received $250 less in total aid under the new policy than they would have received under the old regime. By contrast, about five percent of losers received $1,974 less than what they would have received. If the effects of the program vary by the amount of money the students lose or gain, then the average effects from the difference-in-differences may hide important heterogeneity in the elasticity of college outcomes to college aid.
One strategy which might help us control for some of this heterogeneity is to define the groups of "winners" and "losers" more narrowly. With my data, I can actually compute the exact EFC that each family would have had. Rather than control for winners or losers as a homogenous group, I can control for $100 increments in students' EFC amounts. 4 I can include a fixed effect for each of these groups (replacing α i in equation 5) and look for differences in outcomes across years within these groups. In other words, rather than dividing both cohorts into three types of students (i.e. winners, losers, and status-quo students), I can further divide the groups into more homogeneous groupings (e.g. policy winners who had an EFC between $100 and $200). By including these fixed effects, I can estimate the effect of the program by comparing students across years with almost identical financial characteristics.
Another strategy which might enable us to allow for greater heterogeneity in the effects of the program is an instrumental variable strategy. I use the policy change as an instrument for the amount of aid that students receive and estimate Equation 6. In so doing, I
can examine how the amount of financial aid affects students' college outcomes.
The instrumental variables can provide unbiased estimates of aid if two conditions are met.
First, I must assume that policy change does not change student outcomes for reasons other than the change in financial aid. If the policy change improved students' outcomes through other mechanisms, then the instrumental variables models will not have causal interpretations.
The second condition is that the policy affected financial aid. I have already demonstrated in Table 2 that this assumption has been met.
One of the challenges in measuring the effects of financial aid policies on persistence is that the policies may also have affected who attends Ohio colleges. For example, in Table   2 , the number of "losers" attending college dropped by about 625 students -nearly a 27 percent decline among "losers" once the policy was enacted. In 2005-2006, these students had OIG awards that provided some aid. Similar students who entered college a year later had less favorable terms. Similarly, the number of "winners" enrolled in 2006-2007 was about 650 students higher than in the previous year.
The problem with measuring the effects of the policies across these cohorts is that OCOG may have introduced new "winning" students to college. I do not know if these new students were a random sample of other winners, if these students were less prepared than other winners, or if the increase in the number of winners attending college was even the result of OCOG. This knowledge is necessary to know whether or not the estimated effects are biased upward or downward.
To see this, consider the estimated effects from the difference-in-differences parameters in Equation 5. These represent the average change in persistence for the cohort of winners; however, suppose that the program had the effect of increasing the percentage of winners in the sample by η percent. If this is the case, then the estimated difference-indifferences parameter γ will be equal to
where τ is the difference in persistence rates between the newly attending students and the status quo students and π is the change in persistence rates as a result of OCOG for winners who would have attended college even in the absence of the program.
If the newly attending students are similar to the overall population of winners, then τ=π= γ and my estimates are not biased. However, if these new "winners" are less prepared then existing winners then τ is likely lower than π, and the estimated difference-in-differences parameter is likely understated. I discuss the relationship of τ and π after I present my estimates below. Table 3 shows my baseline difference-in-differences estimates of OCOG's effects. I focus on how financial aid changes as a result of the Ohio College Opportunity Grant. In
III. Empirical Results
Difference-in-Differences Estimates
Column 1, I just present the simple difference-in-differences estimates without any covariates.
My standard errors correct for heterogeneity across individuals in this column and throughout the table. The "winner main effect" shows that winners received on average $4,680 more than the status quo students in both state and federal aid combined. Similarly, the "loser main effect" shows that policy losers received about $2,027 more than status quo students in both state and federal aid. Given that the status quo students received almost no aid (see Table 2 ), these main effects are statistically significant. The "post period" coefficient indicates that there was a small increase in overall aid of $2 but the increase was not statistically significant.
The key rows in Table 3 are the first two which report the difference-in-differences effects. Echoing the results from Table 2 , losers' financial aid awards drop by about $630 while winners' awards increase by about $860. The results suggest that the program dramatically changed financial aid awards, and the estimated effects are statistically significant. In Column 2, I add controls for basic covariates including age, race, gender, whether the student lived on campus, whether the student took the ACT exam, and the student's ACT score. The key difference-in-differences estimates change very little from Column 1. In Column 3, I include fixed effects for the zip codes of students' permanent home address. Again, the estimates change very little.
In Columns 4 and 5, I also include fixed effects for the EFC categories described in the previous section. I am in essence comparing the financial aid awards across years of students living in the same zip code and having similar financial backgrounds (defined very narrowly by EFC categorical dummy variables). The estimated changes in financial aid as a result of the program are very similar to the estimates in the other columns. Policy losers' financial aid awards fall by about $630 with the introduction of the OCOG award while policy winners' financial aid awards increase by about $750. These results clearly demonstrate that the policy led to dramatically different financial aid awards.
In Table 4 , I now turn to the effects of the program on students' college outcomes.
The first columns of Table 4 focus on the likelihood that students withdraw from college during their first year. The next columns focus on whether students transferred to another campus or dropped out. The "main" effects show that winners and losers are more likely to drop-out or transfer as compared to the "status quo" students. These effects are significant in my basic regressions but, at least for policy winners, the estimated effects become small and insignificant once I include fixed effects for students' financial backgrounds. Policy losers appear to be 4-5 percentage points more likely to dropout and about 3 percentage points more likely to either transfer or dropout.
My estimated difference-in-differences effects differ for both winners and losers.
Policy winners appear to have lower drop-out rates than the status quo students. This The changes in aid were almost equal and opposite for winners and losers, yet the estimated effects are very different. One possibility is that these groups of individuals (i.e. winners and losers) have different elasticities of demand for education than each other. It might also be that I just lack statistical precision in estimating the effects for losers. The group of policy losers is much smaller than the group of policy winners. The standard error bands were sufficiently large that I could not verify that the estimated effects are different for winners than for losers.
Instrumental Variables Estimates
Another way to estimate the results is to estimate an instrumental variables model.
The advantage of the instrumental variable model is that I can estimate how the results differ
by the amount of financial aid that students received. The first stage of the instrumental variables already appeared in Table 3 . The instrumental variables estimates now appear in Table 5 . I use the interaction of policy winning and the post-policy regime and the similar interaction for policy losers as instruments for the overall amount of aid received.
The first five columns focus on whether students dropped out. I find that an increase of $1,000 of financial aid leads to a reduction in the dropout rate of 1.7 to 2.4 percentage points, depending on the specification. This is true even when I control for categories of families' EFC's and when I control for geographic location. Similarly, I find that a $1,000 increase in financial aid leads to a reduction of transferring or dropping out of a similar magnitude.
These results are similar to those found in other work on retention. Using a very different methodology, Bettinger (2004) , for example, found that a $1,000 change (in 2000 dollars) leads to a 2-4 percentage point reduction in dropout rates in students' first years of college. My point estimates are quite similar to these magnitudes.
An important point in the instrumental variables analysis is that the variation that is driving the instrumental variable estimates comes from the poorest part of the population. This is the group with the greatest variation in financial aid awards as a result of the policy change, and the LATE interpretation of the instrumental variables estimate centers on this population.
IV. Discussion
Robustness
The difference-in-differences estimates are valid if the differences in the trajectories of the different types of students (i.e. winners, losers, and status quo students) are constant over time except through the influence of the program. One potential problem is that the program led to differences in the composition of students from one year to the next. For example, suppose that the program increased enrollment among the poorest students in the state. These students would have likely been "winners" under the new policy, and the new financial aid might have increased the likelihood that these students enroll. As observed in Table 2, there was an increase in the population of "winners" over this period, and the average income of the "winning" population declined.
One specification check would be to see if students' characteristics changed differentially across years. To test this, I compare how student academic characteristics changed over time across groups. I report these estimates in Table 6 . The difference-indifferences estimates show the relative change in composite, math, and English ACT scores across both winners and losers. In both cases, there are no significant differences across student achievement over time. Almost all of the point estimates are negative suggesting that if anything, there has been a slight decline in winners and losers test scores over time. The lack of significance may indicate that the difference-in-differences strategy is identifying similar students. Table 2 , the overall number of "winners" increased suggesting that the program could have led to an increase in college attendance among potential winners. In Equation 7, my difference-indifferences estimates are likely biased downward if new "winners" are less prepared than existing winners. Table 2 showed that winners' incomes dropped over time and Table 6 showed that the average ACT score declined as well (although this change was not statistically significant). The decline in income and test scores may suggest less prepared students did enroll as a result of the financial aid change and suggest, if anything, that the estimated difference-in-differences estimates are an understatement of the true effect.
Possible Mechanisms
There are some other outcomes that might shed light on the potential mechanisms that might explain the effect. For example, in Table 7 , I examine the effects of the program on the likelihood that students attend a main university campus or a university branch campus. My difference-in-differences estimates suggest no change in the probability of enrolling at a 4-year university main campus; however, I find that there is a 1.5-2 percent increase in the likelihood that "winners" start college at any 4-year campus (i.e. a university main campus or a branch campus). Previously these students would have attended a two-year college. It could be that the increase in academic rigor that comes with attending a four-year campus may have increased the likelihood that students persist.
I also examine whether the program led to changes in the number of credit hours attempted. I find no significant effect of the change in financial aid regimes for winners, although I do find that losers actually reduce the number of hours that they take in their first semester. I also find that GPA's increased for winners by about 0.04 GPA points. The estimate is significant for winners, and while it is similar in magnitude for losers, it is not significant, likely due to the smaller sample size. This increase is small, accounting for about 3.6 percent of a standard deviation. The increase in GPA may suggest additional engagement in school. I do not observe hours that students work, but we know from prior studies that financial aid reduces the likelihood that students work (Stinebrickner and Stinebrickner 2008).
We also know that working has negative impacts on student performance (Stinebrickner and Stinebrickner 2003) . While I cannot test this mechanism, the working-financial aid relationship found in other literature may explain my finding here.
Cost-Benefit Analysis
Is the program worth it? I can do a simple cost-benefit analysis by comparing the costs of the program to the overall benefits. Given that I only have outcomes for the first year, I have to make some assumptions on the possible outcomes in subsequent years to measure the overall cost effectiveness. In the best case scenario, the decrease in dropout rates after the first year persists until students eventually earn their college degrees. In this case, the increase in degree receipt would be 2 percentage points. In the worst case scenario, the decrease in dropout rates only last for one year after which time students leave school having completed only one additional year of college.
To compute the internal rate of return, I estimate the following present discounted value in Equation 8:
where α denotes the proportion of students who stay in school as a result of the program; N w and N L denote the total number of winners and losers respectively; y(t) represents individuals' earnings which is a function of the years attended college (C); A w and A L denote the aid expense or savings for winners and losers respectively; δ w and δ L denote the fraction of winners and losers who remain in school after the first year; and r represents the discount rate.
I assume that individuals work for 40 years after college and that college only takes four years to complete.
The first term in Equation 8
is the increase in lifetime earnings for students who now complete college rather than dropping out. 5 The second term denotes the additional cost in financial aid associated with the policy. This additional aid is paid to all winners who remain in school. The third term denotes the opportunity cost that winners face in staying in school.
This only applies to those who stay in college as a result of the program. The final term denotes the cost savings for losers since their financial aid falls as a result of the program.
Given that we did not observe statistically significant changes in enrollment for losers, we assume that their enrollment patterns were unchanged by the policy.
I use the previous tables for most of my estimates. There were 11,095 winners and 1,701 losers. Winners' awards increased by $806 per year while losers' awards decreased by $557 per year (see Table 2 ). The overall impact on dropout rates (α) was about 2 percentage points. About 65 percent of winners and 69 percent of losers persisted after the first year. I use income measures from the College Board (2007b).
For my best case scenario, I assume that the increase in earnings is the difference between the earnings reported for a college degree ($50,900) and that of having some college but no degree ($37,100). I assume that the foregone earnings in any given year is only a function of the number of years of college that a student had completed at that time, and I assume a 10 percent return to each year of education.
In the best case scenario, the 2 percentage point decrease in dropout rates leads to a two percentage point increase in degree completion. In this case, I find that the internal rate of return to the aid program is 5.1 percent. If I allow the retention rate to decay over time, the internal rate of return can be as high as 5.5 percent.
In the worst case scenario, the 2 percentage point decrease in dropout rates only lasts one year. In this case, the opportunity cost of attending college is only one year, but the benefit from lifetime earnings is smaller representing only one additional year of schooling.
Additionally, the costs of maintaining the program changes since winners (and losers) who would have remained in college in the absence of the program still have a change in their awards. In this case, the internal rate of return is -0.01 percent. If I allow the retention rate to decay over time for each group, the internal rate of return is just 0.03 percent.
The return in the best case scenario is similar to other educational programs. As a comparison, the rate of return for Project STAR's class size experiment was between 5 and 10 percent (Schanzenbach 2007), and Dynarski (2008) shows that the internal rate of return for merit-based aid programs typically located in the South (e.g. Georgia Hope) is near 9 percent.
In the worst case scenario, however, the return is not good. It is not negative but it does not suggest cost efficiency.
The program could increase its efficacy if it was more effective in targeting students whose outcomes are likely affected by the new financial aid policy. The group of "winners"
represents almost 25 percent of all students who filed FAFSA's. Most winners were not affected by the program, and their retention rates increased by just two percent. If policymakers could more effectively target the subsidies to the students who were on the margin of dropping out, it would reduce the overall costs of the program by decreasing the expenditures on winners who would have stayed in college regardless of the increase in aid.
In more tangible terms, the state has to increase its expenditure by roughly $860 for 11,095 students. Of those 11,095 students, roughly 220 change their behavior and stay in college for an additional year. The rest either dropout like they planned or stay in college as they planned. The entire stream of benefits is realized by these 220 students. Improving the targeting would essentially reduce the total number (11,095) that receives additional aid.
Of course, as in any cost-benefit analysis, there are some caveats to the analysis. For example, I have not computed any non-wage benefits to college. I have assumed that college enrollment does not increase in response to the program. I have also not accounted for tuition increases or increases in the generosity of the program. Still the range of possible internal rates of return provides a benchmark from which it is possible to start evaluating the overall would likely increase the overall return to college. effectiveness of the program. As more data are collected, it will be possible to distinguish whether the best case or worst case scenarios are closer to the truth.
V. Conclusion
The results suggest that financial aid does impact students' decisions to withdraw from college. Using the change in policy regimes in Ohio, I show that increases in aid awards corresponds to roughly a 2 percentage point increase in college persistence rates during students' first year in college. Students were more likely to attend a four-year campus in response to the program and students' GPAs increased by a small but significant amount.
Prior literature has largely examined the effects of financial aid on access, and my results 
